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An adaptive instructional strategy for individualized 
ccncept teaching was developed according to decision processes that 
adjust instructional variahles to individual differences and 
differential performance^ either before a task in response to an 
individual's traits or during a task in response to his current 
responses* An adaptive instructional strategy is presented for 
teaching concepts according to a learner* s error response pattern 
after an intermediate evaluation with the instructional sequence* 
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Adaptive Instructiona] Model for ConLOpt Acquisition 

Robert D= Tanni'son 
Florida Stiate Universit)^ 

ABSTRACT 

An adaptive instructional strategy for individualized concept 
teaching is represented by paradigms designed according to decision 
processes that adjust instructional var-iables to individual differences 
and differential learning perfo^manLy. The basic var^iatiyns ot i;hti 
strategy are of two functional classes- pretask and w1thin-task 
variables* Pretask variables include indi\^idual trait difference 
and treatment variables; withm task- var i able& provide for manipulation 
of such things as the number of examples ? the degree of prompting and 
difficulty, and the type of feedback/correctional process based on 
individual state criteria. The pretask procedure adapts the presenta- 
tion to the learner's entering trait capabilities, while the w1th1n-task 
presentation is self-modifying because adaption is to the learner-s 
current response pattern and state levels. 

Presented Is an adaptive Instructlona! strategy for teaching 
concepts according to a liarner*s error response pattern after an '::'^;:;r- 
mediate evaluation within the Instructional sequence: a General Adaptr^. 
Model and a Specific Adaptive Model, The General Model would reduce 
learner concept errors by us"^ng a predetermined program based upon type 
of error cornintted. The Specific Model would further reduce concept 
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errors by using an indi vidua h zed strategy based on type and degree of 
errors. The Specific Adaptive strategy should have direct application 
for many of the computer-based instructional programs currently being 
developed in educational and tralmng instltitlons, The General 
Adaptive strategy could be applied in branching progrumed texts, and 
by an instructional manager in an individualized instructional prograiTU 
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Adaptive Instructional Model for Concept Acquisition 

Robert D. Tennyson 
Florida State University 

The Individualization of the learning process ripresints a 
chanenge to the instructional designer and researcher. An instructional 
system 1s needed that is designed for mass usage, but which allows for 
unique envi ronments for the many learner characteristics. Instructional 
science implies designing the environment- to account for Individual 
characteristics based on a system that adapts to those differences, Thi^ 
paper presents an adaptive instructional model for concept teaching 
which Incorporates the humanistic ideal of self-learning. 

Adaptive concept acquisition (ACA) models are represented by inst'^u 
tional paradigms designed according to decision processes that adjust 
instructional variables to individual differences and differential 
learning performance. For the purpose of the adaptive concept acquisition 
model Ss the basic variations proposed are of two functional classes* 
pretask .and within-task varidbltis, Pretask variables are composed of 
individual difference and treatment variablas, such as ability and problem 
difficulty. These variables serve to set limits on the Instructional 
alternatives available, and the media to be used for instruction. In 
the second class, withi'VLask variables provide for the manipulating 
the number of examples, the degree of prompting , and the nature of 

Hhe instructional modal discussed 1n this paper was designed under U.S. 
A1r Force contract No. F33615-71-C-1277 . ''The Analysis and Development of^_ 
an Adaptive Instructional MQdel(s) for Individualized Tecbhical Training.' 
A computer simulated program of the model was developed to determine its 
fiaslbllity for use In the Air Force's Advanced Instructional Systami 

i 



2 

the teedback/correcti onal process based on individual state criteria. 
Thus 5 the flexibility of the ACA inodsU are disiin^-. ished by the varyi - 
levsils of adaptability. In an educational context, this means that 
the model can be modified to »^iflect the di/iVsity of cQncepts being 
taught* The complexities of the targeted concepts should determine 
the degree of adaptability to individual differences, 

Literature Revi ew 

Instruction Is a process of maniDuiating the environment to 
produce a desired change in a learner's behavior. An early attenpt 
to solve the problem of Individual differences was g^^ouping or tracking 
of students by grades or by scores from ability tests. This homogeneous 
grouping had little effect because the groups seldom received different 
kinds of instruction. Different areas of education incorporated Skinner 'a 
(1954) linear programmed Instruction wKich ai lowed students to progress 
at their own rates. This procedure emphdsized that individuals do 
function at different learning rates. However ^ the material Itself 
was not individualized since all students received the same Instructional 
sequence* The influx of technology influenced Crowder's (1959) procedures 
of Intrinsic progranming with provisions for branching able students 
through the same material rrore rapidly than slower students who 
received remedial frares whenever a question v^as missed. This type 
prograrmiid Instruction was not widaly used in education's instructional 
situations because of the difficult developmental task which required 
review sections for each alternative answer (M. D. Merrills 1971)* 
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There are two basic procedures for designing CQncept acquisition 
Instruction which would havG adaptivi capabnities e'Xtending from thi,^ 
above assumptions. The first involves the use of premiasureCs ) (such 
multiple variables as aptitudes, pe»"sonality variables ^ anxieties, etc,} 
for diagnosing the learner's behavior and^ then, prescribes a specific 
learning task designed to adapt to these individual differences. Tha 
second requires intermediate evaluations of the learner's progress 
and assigns adaptive segments to correct errors in acquisition, 

Pretask adaptation. Cronbach (1967) suggests that if 
davelopmant in a wide range of persons is to be facilitattiu, a niiij 
range of environments suited to the optimal development of eacli individual 
must be offeredi Instructional units covering available content in 
different formats or sequences would be adapted to differences among 
learners, Cronbach 's model might prescribe one type of sequence and 
media for a learner of certain characteristics, while another learner of 
differing characteristics would receive an entirely different modi of 
Instruction* The advantage of the ACA model over other systems is 
the flexibility of selecting conditions which would change according 
to concept content. In order to identify methods of prescribing optimal 
instructional strategies , Cronbach (1P67) advocates that an exten- 
sive research program be conducted to identify those aptitudes whie^ 
Interact maximally with instructional treatments; this body of reseirc*^ 
has become known as aptitude treatment interactions , and has been abbreviated 
as ATI, Implicit In Cronbach 's model is the assumption that speclfifr 
Initructlonal treatment assignments can be made from empirically dater- 
mlned measures existing prior to the onset of instruction* A further 



assumption is that a regression model can be developed for the assign^ 
ment of individuals to different instructional strategies. 

Research studies (Tallmadge, Schearer, and Greenbergs 1968; 
Cronbach and Snow's reviiw, 1969; Dunham and Bunderson, 1969; P* F. MerrllU 
1970; Tennyson and Wolleyj 1971) have investigated this assumption to 
determine if premeasured indi^vidual aptitudes interact with instructional 
treatment. These studies indicate that disordinal interactions (ATI^s) 
have an elusive nature. Bunderson and Dunham (1970), In the final 
report of a three year research project on cognitive abilities and 
learning, challenged the ATI concept a viable pred:.:'''ve ryr or- i 
in "real world" Instructional contexts . The reasons for their skepticism 
can be summarized as: (a) useful disordinai interactions are rare; 
(b) disordinal Interactions are not sut ficiently robust after minor changt^ii 
in the task or population; (c) the benefit from disordinal Interactions 
may be less than that attainable through revision of a single optimal 
treatment. They suggest that instead of seeking disordinal interactions 
in order to assign individuals to different macro-treatments ^ ATI's 
be used to revise the optimal treatment to reduce the learning burden 
of slow aptitude individuals. After the effectiveness of the single 
best treatment has been maximized using a systematic approach to 
instructional design (Bunderson, 1970', Briggs, 1970; Tennyson and 
Boutwell, 1971)g mlcru-treatment variables can be applied adaptlvely 
1n the Instructional program rather than praduce entirely different 
alternative treatments. This would use the most efficient sequence ^ 
the most appropriate midla for d1 splay, and the most effective examples* 
Adaption within the program would then occur when learners deviated 
from the optimal program. 
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Wi thin-t ask adaptation . The second procedure pfoposes adapting 
Instructional strategy according to learner's rasponse behavior in the 
learning program and to other current state characteristics. The withTn- 
task adaptation procedure is unlike Cronbach's approach because 
individuals are not assigned to different macro-treatments ^ nor 
are measures obtained prior to the entry of the Individual into the 
Instructional task employed. On the other hand, the w1th1n-task pro- 
codure differs from Crowdef's approach in that Crowder utniEes only 
'the last response made by the student 1n reaching an instructional 
decision. The within-task adaptive strategy would make niiiti ulj.l^u. 
dee1s1ons from an updated history of the student-s behavior during 
a segment of the concept learning tasks. Furthermore^ the reliability 
of a pattern of responses compared to a single response should increase 
the validity of such adaptive decisions, In educational decisions on 
media and mode of instruction for particular units would depend on 
what Is the most appropriate method of presentation. When learners 
deviate from the optimal sequence, they can be assigned corrective 
instruction. The within-task method of adaptation is such that 
remidlal "hole patching" (Cronbach, 1967) is avoided on the basis of 
empirically validated instructional theory * 

Individual difference variables may be classified as either 
trait or state variables. Trait variables may be characterized as 
states, long term indices which' are descriptive of a learner-s expected 
general behavior. State variables^ in contrasti may be characterized 
as dynamic, short-term indices which are descriptivi of a learner's 
behavioraT response within a given specific situation. There is restarch 
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avidince (O'Neil, Hansen, and Spielber^ger , 1969; Leherisseyj O'Neil , 
and Hansen, 197l| P, F, MerfUl and Tov^le, 1971; Tennyson and Boutwell. 
1972) that trait or state variables measu'^Qd prior to a learning task 
are not as effective in predicting student perfonnQnce ar* state variapies 
measured during the actual learning of the task These findings suggest 
that it would be possible to include state measures during the task 
to adapt instructional sequencmg^ 

The within-task adaptation model *s based on three assumptions: 
(1) there are a limited number of differsni kinds of behavior or type^ 
of learning (Gagne, 1970; M, D. MernlU 1971); (2) thor^ 1^ rr nn; 
group Instructional strategy or paradigm based on the conditions of 
learning for each behavior level; and (3) individual performance can 
be optimized by making adaptations to the group instructional paradigm 
according to individual state response patterns. 

Concept Acquisition . Mechner (1955) defined concept acquisition 

as the process of generalizing within a class and discriminating between 

classes, ^For examplas in an eiectyonics course students would have to 

Identify certain types of wire schimes as being variations within a given 

wiring system, and at the same time discriminate between the systems m To 

teach this skin, Markle and Tiemann (1969) and M. D. Morrill (1971) 

postulated that concept acquisitions would result if examples used during 

Instruction differed in the irrelevant attributes associated with ^..i , 

that Is, each kind of wiring system should be presented in many 
/ 

different colors, thicknesses, structures, etc. Such presentation 
promotes generalization within the class. Discrimination between classes 
is facilitated by presenting nonexamplis which have irrelevant attrihutes 

o 
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resembling those of the given examples; the various wiring systeijis would 
be nonexarnplis for the one system under instruction, 

In testing for concept acquisition, it 1s vital (Mechner, 1^65; 
Markle and Tiemann, 1969; Tennyson s 1972a) that the items on the test 
are previously unencountered, in other words s not used In Instruction* 
A good set of Items must have a number of other charactsristlcs . In 
order to test for generalization across the total range of examples 
included 1n the concepts test Items must cover the, range speclflid 
by a thorough analysis of the concept. The number of examples the 
student can correctly classify 1s less important than the rangb or 
examples to which he can generalize* Discrimination of nonexamplis can 
also be tested when the analysis of the concept has Identified the 
key relevant attributes. 

Tennyson^ Woolleys and M, D. Mtrrlll In a research Investi- 
gation (1972) designed an optimal group instructional strategy for 
teaching concepts based on the theoretical work of Markle and Tiemann 
(1969, 1970), M. D. Merrill (1971), and Woolley and Tennyson (1972), 
The concept Tennyson et al. (1972) chose to teach was the metrical 
concepts '-trochaic meter, as exemplified In poetry selections. As a 
preliminary estiinate of range, they asked naive subjects to classify a 
large number of examples and nonexamples of the concept on the basl^. 
a given definition. Some obvious examples were recognlied by almost 
all subjects and were termed high-probabn ity exairiples. Some nonexamples 
were equally obvious and were termed high-probability nQnexamples. 
Examples which were difficult to recognize were termed low-probability 
examples J subtle discriminations, which could not easily be made on 
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the basis of the dif1n1t1on, produced low-probability noneKamples. They 
hypothesized that diffirant conibinatlons of thesa high- and low-pfObab 
examples and nonexamples would produce predictable errors In concept 
acquisition. Markle and Tiemann (1970) had proposed that restricting 
the range of examples would cause a student to undergeneralize, that 
Is, to accept on a tesf only the same limited range provided in instruction. 
Tennyson et al. produced precisely this effect by giving subjects liuitruc- 
tion which Included the deflnitiont only high -probability examples, 
and high-probability nonexamples. Markle and Tiemann also proposed 
that poor selection of nonexamples, in conjunction wit!, d jr^iu ri:^, 
of examples J would cause students to overgeneralizQ : to accept nonexamples 
as members of the class. This effect was produced by providing instruction 
including the definition and full range of high- and low -probability 
examples, and subtle discriminations taught by the low-probability non- 
examples. The effect of a particular 1 imitation on the range of examples, 
in which one salient but ir'^elevant attribute Is always present, was also 
investigated. The attribute used was the Victorian origin of the 
selections, All examples of trochaic meter in this treatmeht were 
dated in the Victorian penod, while nonexamples were selicted from 
earlier or later periods. Despite tha definition directing attention 
to the meter of the examples as the critical attribute, students s^n"'"^ 
a misconception on the test: they generalized correctly only to exeinr^'-- 
of trochaic meter written in the Victorian period. They rtjicted 
true examples from other stylistic eras and accepted some Victorian 
nonexamples. Tennyson, Wool ley, and M. D. Merrlirs (1972) data 
support the position that the selection of both examples and nonexamples 
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ii an impQirtant Itsm in effective concept tiachlng. A wide range 
of examples prevents undergineral1zat1on, while a good selection of 
nonexamples pravents overgeneralization. In instructional development 
projects the Tennyson et al * model has application to the design 
of ACA instructional materials. The system provides a method for 
selecting instancii and iequencing them to an optimal task. The component 
variables are uniquely adaptable to Individual characterlitics , Thus* 
they have the capabilities for within-task adaptation. For examplis if 
a learner conmits a classification error on an intermediate ivaluation, 
the type and degree of examples and nonexamples can adjusted tc 
correct the error. The model also allows for designing a multiple entry 
program based on pre task measures. Learners with poor reading ability, 
for ixampli^ would enter the task with easier high-probability instances 
than someone with good reading ability. 
Model Structure 

The .ACA Instructional system incorporates standard individuali- 
zation components of learning rate* self-pacing, providing on-line and 
off-line assistances flexible utilization by the learneri remedial capa- 
bilitleSs review frames^ enrichment material , and behavioral modification 
variablesi such ass Incintives, praise, and motivation. The .two basic 
functional classes of the ACA models, pre task variables (set limits on 
the Instructional alternatives) and wlthin-task variables (modifiable 
alternatives), can be designed into two adaptiva concept instructional 
siquincist a general adaptive model and a specific adaptive model. 

Concept adaptiva sequences i Upon completion of the initial 
segment, the student is tested, then preiented an optimal instructional task. 
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The test piffonnance 1s evaluated in relation to the three types of classifi 
cation error (ovargeneral Ization s undergeneral izatlon » and mi sconceptin'" * 
If he reaches criterion ^ then he continues the unit's Instructional 
sequence. If he does not' reach cri tenon , his responses^ are analyzed 
to ditermlnG the typi(s) of error. 

General adaptive model - The first adaptlvs concept sequence* termed 
general adaptive^ prescribes a predesigned Instructional program whiwh 
follows the results of the Initial test to determine If the learner is 
committing a classification error. This model regulates the learner*s 
Instructional sequence as he progresses toward the termlnatl otgyc;!, 
of a given unit of instruction. Afte^^ the Initial evaluation , each 
learner's sequence of instruction is TOdlfied according to the Individual 
response patterns* For example? 'earners who overgenerallze on the 
beginning segment of the task would be presented higher probabnity 
Instances with increased prompting. The number of Intermediate 
evaluations 1s determined by the concept difficulty^ Some concepts may 
use only one sequence of examples followed by an exam, which would 
provide remadial help for those with errors. Another unit mi ght involve 
teaching several complex conceptSs requiring several intermediate tests 
and corrertive frarms. 

Specific adaptive mode h The second functional class of th^n 
ACA models (withln-task variables) is utilized in the spiclfle adaptive 
model. The liarner would receive at the beginning of the instructional 
unit a presentation presumed to be optional followed by an intermediate 
evaluation. The withih-t&sk variables would be adjusted according to 
degree and type of error the learner is making at that point* Degrei 
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refers to the measured severity of the err-cr, that is, laarners 
difffif in the magmtude of incorrect responses I'riiaraass in the genere"- 
model the learner would be given a predesigned task to correct the error* 
the specific mode) would select a unique series of ejcamples, in terms of 
difficulty and number of ej^amples, to co'^rect the degree (magRitude) of the 
error. Thus, If a learner was only making a slight ovargeneralization, 
hfs corrective instruction would use just a few examples, while a Itiurner 
making a gv-oss overgeniralizaticn wcU'd receive a la^ge number of 
ej<amples. In each case, the dec'sicn parameters weald adjust to the 
type and degree of error, 

Program seq uence selection . In the various courses taught 1n 
schools, concepts va'y in te-'ms of complexity. In cases where concepts 
are difficult, it is desivable to design units with multiple entry points. 
In such sUuattons pretask measures ccu'd be used to start the instruc- 
tlgnal presentation at a .eve'' of difficulty which is appropriate to an 
Individual student. For- compie>< ccncepts omitting a pretask measure 
to flag appropriate entry points into the prograni, optimization would 
be limited to the use of corrective frames to correct errors, The pre- 
task measure, for example, allows low aptitude or highly anxious laarners 
to enter a given prog>^am at a point which provides more instructional 
e)^amples than a high aptitude learner. Both pre- and within-tasks -Mflntati'iis 
are, thus, necessary in complex concepts- The use solely of the prft?'.'-!' 
measure, on the other hand, would offer a gross adaptation to the learner's 
characteristics. While the pretask procedure adapts the presentation to 
the learner's entering trait capabilities, the within-task makes the 
presentation self-modifying since it is continuously being adapted to the 
learner's current --^^^ponse pattern and state levels. 
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Interact ion of task and tea ''nj^ characteristics . The pretask 
adaptive decision process which operates to inter a learner into the u-'- 
is based on an accurate evaTuation of his reper'toire of prerequisites 
to the unit, Preskm evaluation ^'amains the most Important component 
of the decision process. Other va'^iab'ses p^ay a part in optimizing 
entry to the unit: aptitude indices, pefsonoioglcal characteristics 
(e.g., anxiety, curiosity, ttcj, and cogmtive styles. 

Once the learner has ente'ed the w^i at his optimal level , these 
characteristics will Interact on a franie -by -frame level with task 
variabliS to produce a given net amount of learning; or, at iriLErfliiv-.t. .i 
levels, to produce a set state- of progress . In order to optimize this 
progress, the instruction must edapt to this Intiractlon between task ar'l 
learner characteristics. This Interaction can be continuously monitored 
by. the computer through an appropriate analysis of the learner cumulative 
response record. The basis then toy the specific adaptlvi decision 
process Ites in a correct classification of the learner's succtssas and 
difficulties as they are evidenced over time within the unit. Only 1f 
the decision rules' effectively deaV with this aspect of the process will 
prescriptive measyres (including both cor'-ectiva and enrichment) be 
appropriate to an optinial progression through the unit. These decision 
rules may involve multiple factors , such as degree of correctness of ^-Hp 
response , response latency, and cumulative indices of these two and o*'?'"' 
possible factors. The appropriate mix of factors which enter the decision 
rules' will be heavily task-bound. The optimal combinations will be 
different from task to task and will depend directly on the given 
task's specific characteristics. This optimization, of course, will 
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evolve only through sustained formative evaluation of the diclslonal 
rules included in the model . In the meantiirei a less effective approach 
can ba taken. BrQad decisonal parameters can be established on the 
basis of the limited research evidence 1n instruction and thiory, 

. ^nstructi onal Model 

This paper does not present the methodology for the decision/ 
selection stages in designing the actual Instruction task; other sources 
give in-depth descriptions of those procedures (Tennysons 1972a; 1972b)* 
The instructional model (Figure 1) is designed in accord with conclusior^ 
from research studies investigating those variables hypotnesizeu to 
have a direct application to concept teaching. 

1. Pretest .. The first component of the instructional model 1s a 
pretest on the concept class to be taught which assesses the learner*s 
entering behavior* The cnterion-referenced testing evaluates minimum 
capabilities, If the learner meets criterion ^ he advances to step five, 
classification test; if not, he proceeds With step two* 

2. DefJn1ti_on_ . In the study by Merrill and Tennyson (1972) on 
prompting effects, it was found that subjects performed significantly 
better on the learning task when given the definition which identified 

the relevant attrlbutei of the concept class. The subjects became confused 
without the definition i The definition is a statement Idintl^ing thi. 
relevant attributes shared by a set of instances in a given class. 
Relevant attributes are enabling (or prerequisite) concepts assumed 
to be known by the student. Writing the definition requires a thoroiigh 
analysis of the concept, usually resulting In simpHcatlon and recon- 
ciptualization of the class. 
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Figure 1. --Instructional model for concept acquisition. 



3. Rovi ew . Merrni and Tennyson (1972) included a treatment 
condition which presented the praraquislte subskms of the concept 
being taught. The results did not indicate that this variable was a 
significant factor in task performance (ef. Merrill, 1965). Hdwever, 
certain blocking schemes of the data showed that subjects with low 
pretest scores who received a review did better on the posttest than 
similar subjects who did not receive the review. The review com- 
ponent 1St therefore, included, as an option* 

4p Instructional task . Tennyson, Wool ley, and Merrm (1972) 
developed an optimal group Instructional strategy for teachinq ron*".^*^'*'^ 
An optimal strategy consists of presenting examples and nonexamples to 
the student in such a way that the relevant attributes are clearly con-^ 
trasted with irrelevant attributes. Task variables affecting learner 
processing of this information can be determined by four categories of 
procedures which are identified as stimulus similarity variableSs 
prompting/feedback variables i sequence variables , and probability range. 
A. Stimulus similarity variables Include the following' 

1. Matching of examples with nonexamples. An ixampla is 
matched to a nonexample when both share Identical or 
very simnar Irrelevant attrlbutesa 

2. Divergent examples^ An example Is divergent from 
another exampli when the corresponding irrelevant 
attributes are different. Examples which share the 
same Irrelevant attributes are said to be convergent* 
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B, Prompting va^iablts mc'ude the foliowlng: 

U Presenting a di-^imtion which Identifies the relevant 

attributes (step 2 of the mode]). 
2, Using various de'^ices to identify the relevant 

attributes embeddeo in examples presinted in the task. 
3* Explaining why in example is an example or a nonexample . 

Is not an exatrfpie . 

C, Sequence Varublies i^nc-cde the ■roriowing' 

1, Simu^ tanecu^ p ssinTation of examples and nonexamples ('^"--t^^e 1), 

2. OptimaMy organ^^ed bequenca. 

D, Probability '^ange ^nc-'udes the following: 

1, High probab"lity - those examples and nonexamples correctly 
classifiad by cnt-hdH the subjects. 

2, Low probability - tho&e examples and nQnaxamples not 
correctly classifiid by one -half of the subjects. 

These four task variables are manipulated into an example set (Figure 2), 
According to the concept pdradiigms two e)^smples should be paired (diver- 
gent) so that they differ as much as possible In their Irrelevant attri- 
butes. Within the samt siinul taneous presentation, two nonexamples are 
presented which are matched to their respective eKamples by having 
Irrelevant attributes as similar as possible. This relationship of 
examples and nonexamples 1s designed to focus the learner's attention 
on the relevant attributes. In the investigation by Tennyson (1972b) 
on the effect of nonexampliS in acqulstton, it was shown that subjects 
not riceiving nonexamples responded randomly on the posttesti while 
Q subjects receiving nonexamples responded as hypothesized, 
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Prompting is used 1n the example sets to explain why an instance 
is an example or why it 1s not an eKample^ The subject matter detennines 
the type and amount of prompting necessary. Example sets range in 
difficulty from easy to hard (Tennyson & Boutwelli 1972). Depending 
on the adaptability of the program and the hardware, the Instructional 
sequence could have multiple entry points and student control over 
exit, Entry in the instructional unit could be determined by student 
profile data to Individualize on trait and state variables. 

5* Classific ation test,^ Tennyson, Woolliy, and M, D, Merrill (1972) 
designed a posttest which was capable of detennining the degree and 
type of classification error the subject was making at the conclusion 
of the instructional task. The test examined the subject's scoring 
patterns four different ways to see if he had an overgeneral izations 
an undergeneral ization 3 or a misconception of the concept class (cf. 
Markle and Tiemann, 1970), Construction of the classification test follows 
the same procedures as outlined for the instructional tasks except that 
the instances are randomized* The task presentation Is expository, that 
is, the student is told whether an instance is positive or negative; 
while the classification test Is inquisitive, that 1s, the student is not 
told the nature of the instances. Students meeting criterion on this 
test are finished with the lesson. Students not passing the classification 
test proceed to the next step where they receive reredial Instructior: 
based upon the type of classification error they made on the test. 

6, Adapti va sequence . Concapts which are simple would require only 
specific review if a student fails the classification test, For concepts 
that are complex it is possible to identify the type of student error if 
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criterion is not met (Tennyson, et aK, i9^2\ Tennyson, 1972b). Two basic 
levels of adaptation are pos^ib^ej genu^'al and specific. In the gene/ ' 
^adaptive sequence lea^ne^s would be classified into one of the three error 
categories. For each category an optniia^ g^oup instructional task is 
given to co^^rect the error. For exaTrip^e, if a lea rner ove ^general iZis , 
a specific program designed to correct that classification error >^ould be 
given* The corrective p'og^^ams wouid be: 

0 ve r ge n e a n jea ^on fo^ ^ea -Tiers who overgeneral ize , the 
genera^ adaptive p^-'ocedu^e wouia be to select instances 
of easie^^ difticii^ty than nonnany wouid be u^^d in a 
standard e)cample set sequence Alsos an increased level 
of p'^oinptlng is^ g^ven ^c:' each instance. 

B. Under gene ra l |zati on > This er^o^ indicates that the student 
fai led to identify di ft icult examples To correct thiSs 
the example sets wou^a begin with harder instances than 
used In the ;nst^ ucticna' tdbk. The sequence would 
basically concentrate on difficult example sets. 

C. Mi scQnce ption ^ Since the subject seems to be focusing 
on some irrelevant attribute, the divergency of the 
examples would be ejcpanded so that common Irrelevant 
attributes are practlcaMy eliminated. 

In all three corrective programs the students In each error category 
would receive the same modified sequence, 

Specific adaptation is similar to the general adaptive condition 
In that adaptation is made accordtng to^typi of error, but the corrective 

o 
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pfocedu'res also are ind1 viduaHzed according to the degree of error. 
The degree of error is deternnned by the number of errors of a given 
type, A learner who makes many ove^'^gineralization errors would be 
given easier instancis than a liarner who makes few overgeneralizatlon 
errors* The specific adapti ve sequence also would Inc^^ease prompting 
In a controlled situation so that no learner Is either overloaded or 
Insufficiently Instructed, 

7. Adaptive test . This test is designed to evaluate the effect of 
the corrective sequence, Test items would reflect the type of error to 
be corricted. It would not be a comprehensive test unless that digree 
of error was coninitted. Passing this test would exit the learner from^ 
the program. Failing agains the learner would receivi one further level 
of remedial instruction, 

8. S pecific review This form of correction has a long history in 
the field of programed instruction. Remediation is specific to the 
item missed. Again the pfoblem*s degree of difficuHy determines^ amount 
of corrective review. After this component of instruction a final test 
is given, 

9. Review test . A standardized test similar to the classification 
test is administered* A learner fail ing to this point indicates that he 
learned almost nothing from the Instructional task. In such a case this 
review test again assesses his ability to perform at criterion* If tht^ 
learner meets criterion, he exits; if not, a continuation In the course 
is decided* 

10. Advisement , In complex courses it is possible that some stutlents 
win have difficulty with cirtain concept lessons. In such s1tuat1ons» 
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a decision ten be made; drop the coui'se continue with anothei' lesson 
and rescheduiU thu iSfson 'O'' a titi;- dote V^e leamer-'s mdivi'duai 
Cuffiutot'./e pf'OMle IS a majc tacto-' in the decision process (Bundersor:, 

As proposed, the ACA models ma> beconie an •ntegral part of 
compute' -babeo and Lon antionai maiA app caches to concept presenttition 
and '■ev-'ew Guen rhu h ' gh-t 'iquc-ncy c-t lii i iiat'ion , the models should 
p>'o«'de 'or- a iignit'cant ia.ings ^n n'ti'uctiorial f no and inipr'o^ed 
concepc retenTion A& ope ationa'' ^eatw'es, the +ol^ow1n9 benefits of 
the appi--oatu5n ot the ACA modeH a-e p'Opo&ed: l\) The pr-etesk variables 
ot the ACA niodei& a e adaptaD'e to ;no;v^Qwa lea'ner trait characteristic'" 
Pfemeasu''ea ,una'tion& wculo ass bt in the aiSignment of learners to 
app'-op"-aie ent-y po^ntt W'thiri the r;st •'wit'Cno' tasks, St-ch decisions 
would p'Ow'de *c- es-duo^ ssiingi 'n pst'ucfcna^ costs by a" lowing high 
aptitude iedfne'fe to t-nish couses ec'.-er or to ^eteiwe enrichment training. 
Individual "zed ass-gnment ot 'OW aptitude persons to appropr-iate instruction 
has shown research resijUs to inc^easi efliclency. ■ (2) The wlthin-task 
vayTables a^e designed to select •,n&tructicnal mateHais based on a learner's 
state characteristics. In a concent'ated learmng environment Individual 
pertormances fluctuate so that prefrieasures do not always Indicate nrrurntn 
assessments ot current capabilities. These w1thin-task variables maks 
p^-esentation sel t-modi fymg m that it is continuously being adapted to 
the ^earne'''s current response pattei'n and state levels, (3) Three additional 
payp-ffs a^e- (a) if the ACA mode's a^e computer based, each learner would 
have immediate arcess to adaptive instructional materials; (b) Instructional 



theory concerning media, feedback, knowledge of results, sequencing, rol 

of examples, t^^pe of display, etc, can be designed Into the adaptive 

individualized packagis; and (c) a mora precise prediction of the neceu. 

iTiedia and materials should improve the cost effectiveness. 



REFERENCES 



Bri'ggs, L, J, Handbook of Prgcedures for the Design of Instrue- 
ti on . Pittsburgh, Pann. ; American Institute for Research, 1970. 

Bunderson» C, V. "The Coniputev' and Instructional Design." In 

W. H, Holtzman (Ed,), Compute r"As s Is ted^ Instructi on , Tes t j ng , and 
Guidance . New York; Harper and Row, 1970. 

Bunderson, C. V., & Dunham, J, L. "Research Program on Cognitive 
Abilities and Learning." Final Report, Advanced Research Projects 
Agency, Contract N00014-A-0126-0006. Austin, Texas: The University 
of Texas, 1970. 

Bunderson, C. V, "Mainline CAI, Necessary But Not Opprtsslve." 
Tech Report , University of Texas CAI Laboratory, 1971, 

Cronbach, L. J. "How Can Instruction Be Adapted to Individual 

Differences." In R. N. Gagn^ (td.). Learning an d Indiyidua, L. . . v. 
ences . Columbus, Ohioi Charles E. Merrill , 196/, " . 

Cronbach, L. J., & Snow, R. E. "Individual differences In 

learning ability as a function of instructional variables." Final 
report Contract No, DEC 4-6-061269-1217, U,S. Office of Education, 
Stanford, California- Stanford University, 1969. 

Crowder, N. A. "Automatic Tutoring By Means of Intrinsic Pro- 
graming." In E. H. Galanter (Ed.), Automatic Teaching : The State of 
the Aht . New York: John Wiley, 1959; 

Dunham, J. L., & Bunderson, C. V. "The Effect of Decision-Rule 

Instruction on the Relationship of Cognitive Ability to Performance 
1n Multiple Category Concept Learning Problems. Journal of 
Educational Psychology ^ 1969, 6£, 121-125. 

Gagn6, R. M. Conditions of Learning . (2nd Ed,). New York; Holt, 
Rinehart, and Winston, 1970/ 

Markle, S. M, , & Tiemann, P. W. Really understanding concepts . 
Champaign, 111.: Stipes, 1969. 

Markle, S. M., & Tiemann, P. W. "Conceptual Learning and Instfuc- 

tional Design." The Journal of Educational Technology , (London) I, '^^0, 

Mechner, F. "Science Education and Behavior Technology." In 

R. Glaser (Ed.), Teaching Machines and Programmed Learning, 11. 
Data and Directions . Washington," D.C. : N.E.A., 1965, 



23 



24 



Mei^^ti's D "Cof<^ecticn and Review cn Successive Parts in 

Learning a Hie^ar chi cal Tasks," journal E ducational P sychology, 195 
5^ 225-34. 

Merrill, M. D. '*Necessao Psycho icgy Cor;ait]ons tor Defining InstrucLigMU . 
Outcomes. ' ' E_d u c at) o mj _ T e_c h n c jo gy _ , August i 1971. 

Mem] I, D. , & Tennyson, R. D, "The Etfect of Types of 

Positi ve and Negati ve EKampies on Learmng Concepts 1n the Classroom. 
Journal of Educational, P_5^ch_o lc , 1972 

Me-^riM^ P. F. '^Interaction CQgn^tive Abilities with Avail- 

abnity of Behavioral Object i^e^ ' o Lea^^^nlng a Hierarchical Task by 
Computer-Assisted Instruct lon ^ ^ec^hmcal Report No. 5* Austin, 
Texas: CAI Laboratoyy^ Un-vfe^-bity Te^aSs 1970* 

Skinner^ B. F. "Teaching Machines," Sc ijnce , 1958. 128.969-977, 

Talliiiadge, S, K , Schearer^ J W , a ^-mo^B^q, A, M, "^"^udy o"^ 

Tr^aining Equipment and Indlv^^dual D^Merencesi The Effects of Suo- 
ject Matter Variables," Tichn^ca- Repeat: MAVTRADEVCEN 67-C-0114-1. 
Palo Alto, California^ Amencdn Institutys for Research in the 
Behavioral Sciences, i968. 

Tennyson, R. D. Instructional Design fo" Concept Teaching. 
Submitted Journal of Instructional Science, 1972a, 



Tennyson^ R. D, ''Cor-ect Class^ +icat^on , Ov^ergeneralizations 

Undergeneral Ization, and Mfsconcept ion as a Function of Probabilityi 
Divergency 5 and Matching of Instance; r Concept Acquisitions" 
Journal of Educational Ps ychology , :9^'2b. 

Tennyson, R. D., & BoutweiU R- C. A Quality Control Design for 
Validating Hierarchical SequenLing of Programmed Instruction , " 
NSPI Journal , 1971, 10 . 5-10 



Tennysont R. D. , & Woolley, R. R. "The Effect of Interaction of 

Anxiety With Performance on Two Levels of Task Difficulty^" Journal 
of Educational Psychology , J971, 62,463-467 Also P roceedings "79th AP ' 
Convention_ p 1971 , 377-378. 

Tennyson, R, D* , Woolley, F, R,, & Memn, M, D. "Exemplar and uoiit/.cuiH^ 
Variables Which Produce Correct Concept Classification Bihavior af-u 
Specified Classification Errors,^' Journal of Educa tional Psycholoy y, 
63, 144-152, 



